Incorporating non-knife-edge selectivity patterns was more complex, and an age-structured 60 model parametrized in terms of the life history ratios was required (Hordyk et al. , 61 2015c . In this paper we develop a per-recruit length-structured model which can account for 62 a range of selectivity patterns and can be represented by two simple recursive equations. 63
It is often assumed in fisheries assessment models that length-at-age is normally 64 distributed, with the mean length-at-age described by the von Bertalanffy growth equation. 65
Selectivity is often, although not always, observed to be size-related rather than dependent on 66 age (Francis 2015) , and faster growing fish are expected to reach the length at which they are 67 vulnerable to the fishing gear before the slower growing individuals, and thus are exposed to 68 a higher cumulative fishing mortality throughout their lifetime. As a result, when subject to 69 fishing mortality, the size-at-age distribution of older age classes is no longer normally 70 distributed, as the larger individuals in each age class are reduced in number relative to the 71 smaller individuals in the same age class. This effect, first documented over 100 years ago 72 (Lee 1912) , has since become referred to as "Lee's Phenomenon". Although the effect is 73 often ignored in age-structured models, a number of techniques have been developed to 74 account for Lee's Phenomenon in fisheries assessments by dividing the modelled fish 75 population into a number of sub-populations and tracking the sub-cohorts over time (Punt et age-structured LB-SPR model did not account for Lee's Phenomenon, and is therefore 78 expected to over-estimate fishing mortality when selectivity is size-dependent. In this paper, 79
we extend the new length-structured model using the growth-type-group (GTG) approach of 80 Walters and Martell (2004) to account for Lee's Phenomenon. This new per-recruit model 81 (referred to as the GTG LB-SPR model) uses the life history ratio M/K, together with 82 estimates of size-at-maturity and asymptotic size (L ∞ ) and length composition data, to 83 estimate the spawning potential ratio of data-limited stocks with size-dependent selectivity 84 patterns. 85
We first used a simulation model to explore the effect of the different parameters of 86 the GTG LB-SPR model on the predicted equilibrium size composition and the resulting 87 level of SPR. We then compared the estimates of the newly developed GTG LB-SPR model, 88 and the original LB-SPR model (Hordyk et al. , 2015c , by applying the two methods 89 to both simulated and empirical data sets. Similar to the LB-SPR model, the GTG LB-SPR 90 model developed here assumes known life history parameters, and uses an equilibrium per-91 recruit model to estimate the relative fishing mortality, selectivity-at-length, and the 92 spawning potential ratio, from representative catch-at-length data. 93
94

Methods
95
Derivation of Length-Structured Per-Recruit Model to Predict Size Composition 96
Per-recruit number at length 97 Fish growth is typically described by the von Bertalanffy growth equation, which is 98 commonly written as:
where L(a) is the length at age a, L ∞ is the mean asymptotic length, K is the von Bertalanffy 100 growth parameter, and t 0 is the hypothetical, usually negative, age at which length is zero. 101
The von Bertalanffy growth model can be reparametrized by replacing t 0 with a more 102 biologically meaningful parameter ‫ܮ‬ , the initial length at age 0: 103
Assuming for simplicity that ‫ܮ‬ is zero gives:
The rate at which the numbers-at-age in a population (N) are decreasing can be 105 written as: 106
where Z is the instantaneous total mortality rate. 
which, by integrating both sides of the equation, gives:
Assuming a per-recruit model, the initial condition is N L=0 =1, which can be used to determine 115 the value of C, and replacing it in Equation 9 gives:
Exponentiation of Equation 10 results in: 117
It follows that the number-per-recruit that are alive at (where dL is a small increment 118 in length) is: 119
Re-arranging these equations gives: 121
This simple recursive equation demonstrates that the number per-recruit that are alive 122 at each length (L) can be determined by the ratio and the ‫ܮ‬ ஶ parameter. 123
Including size-dependent mortality 124
Equation 13 assumes that total mortality is independent of size, and that the Z/K ratio 125 remains constant for all size classes. The total mortality rate is usually separated into two 126 sources: fishing mortality (F) which is imposed by the fishing activity, and natural mortality 127 (M) which generally includes all sources of mortality not associated with the fishing. Fishing 128 mortality is often size dependent, with small individuals often less likely to be vulnerable to 129 
where ‫ܯ‬ is the natural mortality rate at length L. Natural mortality is notoriously difficult to 139 estimate, and many stock assessment and bio-energetic models assume that this rate is 140 constant for all ages and size classes. However, there is evidence that natural mortality is 141 higher for smaller individuals, and tends to decrease as the animals grow to larger sizes (with 142 a possible increase again towards the end of life; Charnov et al. 2013 , Charnov 2014 ). This 143 relationship can be described by:
where ‫ܯ‬ ಮ is the natural mortality rate for adults near maximum size, and ܿ ≥ 0 is the 145 allometric exponent for the mortality-length relationship (Lorenzen 1996 (Lorenzen , 2000 . 146
If the length increment dL is small enough, it may be reasonable to assume that both 147 the natural and fishing mortality rates are constant within a size class. This assumption 148 allows size-specific mortality rates to be incorporated into Equation 13: 149
Prediction of size composition 150
Equation 18 can be used to calculate the number-per-recruit that survive to each 151 length class given a size-dependent mortality rate. However, as the rate of growth tends to 152 decrease as fish get older, the amount of time an individual spends in each length class 153 changes throughout its life; that is, the time to grow from L to L+dL typically increases for 154 older age classes. Therefore, to calculate the expected per-recruit number-at-length within 155 The age at length L can be calculated by re-arranging Equation 3 to give:
To calculate the numbers at age over each length interval we must integrate the number-at-159 length ሺܰ ሻ over the increment in age within the length interval: 160
where ‫ܦ‬ ାௗ is the cumulative 'density' of animals between the length classes L and L+dL. 161
Solving this equation and simplifying gives: 162
Similar to the situation described above, if we assume that dL is small enough so that 163 the mortality rate is constant within the length class, the above equation can be modified to 164 account for size-dependent mortality: 165
As it is a per-recruit model, Equation 22 can be standardized to sum to one across the length 166 classes: 167 length. This approach would essentially be identical to the age-structured LBSPR model 181 (Hordyk et al. , 2015c , which assumed individuals were normally distributed around a 182 mean length-at-age. However, a shortcoming of this approach is that it fails to adequately 183 account for the cumulative effects of size-based fishing mortality on the size structure of the 184 stock, although admittedly some form of truncation could be adopted within this simple 185 statistical approach. Here we develop a more biologically-oriented methodology based on 186 the concept of growth-type-groups. 187
To account for size-dependent fishing mortality, one option is that the population 188 model keeps track of the cumulative fishing mortality rates on several groups of individuals 189 with assumed different growth patterns within a single cohort. These growth-type groups are 190 similar to the super-individual concept in individual-based models (Scheffer et al 1995) , 191 although the growth-type groups are simpler to implement. Here we tackle Lee's 192 Phenomenon within the LB-SPR model by recourse to the concept of growth-type-groups 193 (Walters and Martell 2004 The expected length structure of the stock can then be constructed by summing across 204 the G growth-type-groups the number of individuals in each length class: 205
The Spawning Potential Ratio 207
The length-based growth-type-group model described above can be used to calculate 208 the spawning potential ratio (SPR). The length-weight relationship is often described by 209
, where a is a species-specific constant, and the exponent b is often close to 3. 210
Maturity-at-size ሺMat ሻ can be modelled as a logistic function following Equation 15, by 211 replacing ܵ ହ and ܵ ଽହ with the average length at 50% ሺ‫ܮ‬ ത ହ ሻ and 95% ሺ‫ܮ‬ ത ଽହ ሻ maturity 212 respectively. To account for the variable growth trajectories, the relative size-at-maturity is 213 assumed to be constant across all GTG, with cohorts with smaller and larger asymptotic sizes 214 reaching maturity at smaller and larger absolute lengths respectively. The size-at-maturity 215 for each growth-type-group is then given by: 216
where ‫ܮ‬ ത ହ and ‫ܮ‬ ത ଽହ are the mean length at 50% and 95% maturity respectively. Equation 15 217 is then used to calculate the maturity schedule for each GTG. 218 Assuming that egg production is proportional to the size of mature fish, relative 219 fecundity-at-size is given by: 220
The value of the exponent in Equation 30 can be changed to reflect different size-221 fecundity relationships. For example, setting to zero assumes that the reproductive output 222 of mature individuals is constant and independent of size, perhaps more appropriate for some 223 sharks and other elasmobranchs. 224
The SPR can be calculated using the above equations, as the proportion of 225 reproduction in the fished state relative to the unfished state: 226
ሺ31ሻ
As was done when passing from Equation 23 size-at-maturity parameters (Table 1) . 240
This new model, referred to as the growth-type-group length-based SPR (GTG LB-241 SPR), model shares many of the assumptions of the LB-SPR model (Hordyk et al. 2015b, 242 2015c), including the typical per-recruit model assumption that the stock is in steady state, 243
and that growth patterns are static and adequately described by the von Bertalanffy equation. 244
While the model can account for size-dependant natural mortality and dome-shaped 245 selectivity curves, these phenomena are difficult to identify from size data alone. Therefore, 246 the default assumption of the model is that natural mortality is constant for all size classes (at 247 D r a f t least those observed in the catch) and that the selectivity curve is asymptotic. If information 248 exists to estimate the size-dependent natural mortality relationship or selectivity pattern, this 249 information can be incorporated into the model. 250
251
Simulation and Evaluation of the GTG LB-SPR Model 252
A simulation framework was used to examine the effect of the different parameters of 253 the GTG LB-SPR model to the predicted size distribution. We also generated size data from 254 both the GTG LB-SPR and the LB-SPR models, and applied the two estimation models to the 255 simulated data sets to evaluate the impact of accounting for and ignoring Lee's Phenomenon. (Table 1 ). The population ‫ܮ‬ ஶ was fixed at 269 100, in arbitrary units, and the coefficient of variation in asymptotic length ൫‫ܸܥ‬ ∞ ൯ set to 0.1. 270
Selectivity-at-length was assumed to be equal to length-at-maturity, which was set at 50 and 271 55 for L 50 and L 95 respectively. The generated length data was binned into classes of width 272 ሺ݀‫ܮ‬ሻ 5, in the same units as ‫ܮ‬ ஶ and represents a measurement resolution of 5% of asymptotic 273 length. The life history parameters were systemically adjusted from these default values in 274 the specific simulation tests. introduces an extra parameter which needs to be specified, the number of growth-type-284 groups. We used simulation to evaluate the effect of this parameter on the equilibrium length 285 structure generated by the GTG LB-SPR model. 286
287
Number of growth-type-groups 288
The number of growth-type-groups (G) determines the value of the individual L ∞,g 289 parameters. For example, in the extreme case of G=1, the model would only include a single 290 group and account for no variation in length-at-age. Variability could be added by assuming 291 a probability distribution of length-at-age around this single group. However, the model 292 would then be essentially identical to the LB-SPR model and not account for Lee's 293
Phenomenon. 294
Increasing the number of sub-cohorts increases the resolution of the generated length 295 data, by dividing the different growth trajectories of the model into finer increments; i.e., 296
smaller increments between the individual L ∞,g of the groups ሺ∆‫ܮ‬ ஶ ሻ. However, the increased 297 number of sub-cohorts also increases the computational requirements of the model. A trade-298 off exists in determining the number of growth-type-groups which can adequately generate a 299 smooth size composition, without unnecessarily consuming excess computing power. 300
We examined the effect of G on the size distribution predicted by the model. Fewer G 301 was expected to decrease the resolution of the model and result in an increasingly irregular 302 size distribution. The relationship between G and ‫ܮ∆‬ ஶ is given by: 303
where ‫ܩ‬ is rounded up to the nearest integer, and ߣ is the maximum deviation in units of ߪ ಮ 304 from ‫ܮ‬ ത ஶ for the smallest and largest group-type-groups (fixed at 2 in these simulations). We 305 assumed a maximum simulation resolution of ‫ܮ∆‬ ஶ = 1, which represents 41 growth-type-306 groups with ‫ܮ‬ ஶ ranging from 80 to 120. We systemically varied G under a range of different 307 life-history and fishing mortality conditions, and compared the resulting size composition 308
with that obtained at maximum resolution (G=41). 309 310 D r a f t
Size-dependent natural mortality 311
The default value of the size-dependent natural mortality parameter (c) was set at 0 312 for the simulations, representing constant natural mortality for all size classes (Table 1) (Table 1) . 316 317
Comparison of LB-SPR models 318
One of the key issues of the model presented in Hordyk et al. (2015c) was that it did 319 not account for the cumulative effect of fishing mortality on the expected length structure of 320 the stock. As a result, the model is expected to estimate higher fishing mortality, and lower 321 SPR, for a given size structure compared to a model that appropriately accounts for Lee's 322
Phenomenon. We compared the estimates of the LB-SPR model, as described by Hordyk et 323 al. (2015c) , with the GTG LB-SPR model presented in this paper by applying the two models 324
to both simulated and empirical data. 325
Four sets of equilibrium size distributions, representing the four different life history 326 types (Table 1) , were generated with both the LB-SPR model (Hordyk et al. , 2015c ) 327 and the GTG LB-SPR model. Each set contained twenty simulated size composition data 328 with fishing mortality ranging from 0.1 to 3.0. Each estimation model was applied to the 329 dataset generated from the other model, and the resulting bias in estimated parameters was 330 examined. Natural mortality was assumed be constant for all size classes (i.e., c = 0; Table  331 1). All input parameters of the estimation models were fixed at the true values. groups used in the highest resolution case (G=41; Figure 1a ) generated a smooth equilibrium 358 size composition (grey bars in Figure 1d ). There was virtually no distinguishable difference 359 in the size composition that was generated when G was reduced to nine (Figure 1b and solid 360 line in Figure 1d ). However, a further reduction to G = 5, resulted in a highly serrated size 361 structure, as the resolution of the model was too coarse to adequately represent the 362 continuous size composition (Figure 1c and dashed line in Figure 1d) . 363
The impact of a lower value for G was less severe for the simulations with M/K=1.0, 364 although the size composition generated when G=5 was slightly deformed compared to that 365 produced when G=41 (Figure 1h dashed line and grey bars respectively). However, the size 366 composition generated with nine growth-type-groups was very similar to that produced when 367 G=41 (Figure 1h 
Simulation and Empirical Comparison of Estimation Models 407
The LB-SPR assessment model over-estimated the fishing mortality when it was 408 applied to length data generated with the growth-type-group model (Figure 5a ). This bias 409 D r a f t was especially noticeable at higher levels of fishing mortality (F/M > 1) and higher values of 410 the M/K ratio (dotted and dash-dotted lines in Figure 5a ). The over-estimation of fishing 411 mortality resulted in a negative bias in the estimated SPR, especially at higher levels of 412 fishing mortality (Figure 5c ). However, due to the asymptotic relationship between fishing 413 mortality and SPR, the negative bias in SPR was less pronounced than the positive bias in the 414 fishing mortality. 415
The reverse pattern was observed when the GTG LB-SPR assessment model was 416 applied to length data generated with the assumption of age-based selectivity (i.e., Lee's 417
Phenomenon is not occurring). Because of the assumption of Lee's Phenomenon built into 418 the GTG LB-SPR model, the assessment model expects the size distribution to truncate under 419 lower levels of fishing mortality. Here the assessment model tended to under-estimate the 420 fishing mortality, especially at higher levels of fishing mortality (Figure 5b) . Likewise, the 421 GTG LB-SPR model over-estimated the SPR of the stock over the entire range (Figure 5d ). 422
The bias was most pronounced at lower levels of SPR and higher values of M/K (Figure 5d) . 423
A similar relationship between the two estimation models was observed with the four 424 empirical data sets, with the GTG LB-SPR model consistently estimating values of F/M that 425
were between 65% and 85% of those estimated by the LB-SPR model (Table 2) . Likewise, 426 the GTG LB-SPR model estimated a higher level of SPR for all four species, compared to the 427 results of the LB-SPR model (Table 2 ). This was especially the case for L. rubrioperculatus, 428
where the GTG LB-SPR model estimated SPR=0.39, while the LB-SPR model estimated 429 SPR=0.26. The estimated fishing mortality was much higher for the other three species, and 430 the differences in estimated SPR between the two models was much less pronounced. The 431 estimates of the selectivity parameters were very similar between the two models, although 432 the GTG LB-SPR model tended to estimated selectivity parameters that were slightly lower 433 than those from the LB-SPR model. 434
435
Discussion
436
The model developed in this study simplifies and improves the LB-SPR model 437 described by Hordyk et al. (2015b Hordyk et al. ( , 2015c to estimate the relative fishing mortality (F/M), the 438 selectivity-at-length parameters, and the SPR of an exploited stock from representative size 439 composition data and assumed known biological parameters. In particular, by using the 440 growth-type-group approach, and splitting the population into a number of separate sub-441 cohorts, this model accounts for the effect of size-dependent fishing mortality on the size 442 D r a f t structure of the stock (Walters and Martell 2004) . Furthermore, by using a length-structured 443 model to generate the expected equilibrium size composition, the GTG LB-SPR model 444 circumvents the complexities of the generic and scaleless age-structured approach used 445 previously (Hordyk et al. , 2015c . 446
Many age-structured population models that are commonly used in stock assessment 447 assume that all individuals share the same mean growth curve with some variance in size-at-448 age. These models ignore the effects of size-based fishing mortality on the age and size 449 structure of the stock. The inclusion of growth-type-groups arguably improves model 450 realism, and this idea has been incorporated into several other age-based and length-based 451 assessment models. will only occur when selectivity is size-based, and it is important to note that the GTG LB-464 SPR model assumes that all biological and fishery processes are size-rather than age-465 dependent. Selectivity processes in fisheries are generally thought to be primarily size-466 dependent, but there are scenarios where this assumption is likely to be violated. For 467 example, species that have an ontogenetic migration may be better described by age-based 468 selectivity, or a combination of the two , Francis 2015 . 469
The new GTG LB-SPR model and the original LB-SPR model were compared by 470 applying both models to simulated data, and length data from four reef fish species from 471 Palau in the western Pacific ). These results demonstrate the GTG LB-472 SPR model consistently estimates a lower relative fishing mortality (F/M) and higher SPR 473 compared to the LB-SPR model. The difference between the two models was greatest at 474 higher levels of fishing mortality, and more pronounced in the estimates of F/M than the 475 estimates of SPR. If selectivity is actually size-based, these results suggest that ignoring 476 D r a f t Lee' s Phenomenon is likely to result in over-estimates of fishing mortality by about 15%. 477
Conversely, if size-based selectivity is assumed where in fact it is not occuring, the 478 assessment model is likely to under-estimate the fishing mortality. While the GTG LB-SPR 479 model consistently estimated lower F/M values, the difference between the two methods was 480 relatively minor. In the data-limited situations where these methods could be applied, 481 researchers may prefer the more conservative estimates of the LB-SPR model unless there 482 was sufficient evidence that selectivity was primarily a function of size. 483
The bias is less severe in the estimates of the spawning potential ratio. At low levels 484 of fishing mortality, the presence (or absence) of size-based fishing mortality has little impact 485 on the size structure of the stock. At high levels of fishing mortality, the non-linear 486 asymptotic relationship between fishing mortality and SPR means that, although the estimate 487 of fishing mortality may be biased, there is only a marginal difference in SPR. This suggests 488 that accounting for Lee's Phenomenon is most important when directly using the estimate of 489 fishing mortality (or F/M) that is produced by the model, for example to determine 490 appropriate catch recommendations. In situations where it is not clear whether selectivity is 491 predominantly size-based or age-based, we suggest applying both the GTG LB-SPR and the 492 LB-SPR models, and evaluating the magnitude and significance of the difference in results. Averaging length data over a number of years, particularly for short lived species, may be an 503 effective way to mitigate this issue ). Furthermore, recent work has shown 504 that if a stock is out of equilibrium primarily due to the effect of fishing, an iterative effort-505 based control rule based on the LB-SPR method can still be effective in incrementally 506 adjusting fishing pressure until the SPR and size structure of the stock stabilises around target 507 levels ). The equilibrium assumption may also be dealt with by 508 incorporating a time series of length composition data, as well as estimates of recent 509 recruitment trends. However, such a model would also necessarily require some estimate of 510 D r a f t 20 the time-scale of the species, (e.g. natural mortality and growth rates) which is more data 511 intensive then the method presented here. 512
While the growth-type-group approach could be incorporated into a fully dynamic 513 model, the simple recursive equations of the length-structured model developed here would 514 no longer apply. In a dynamic model, the abundance of animals in each length class is no 515 longer determined solely by the abundance in the previous length class, and the growth and 516 mortality patterns, but also by year-to-year variation in recruitment and other sources in inter-517 annual variability. For example, the dynamic model could track the impact of time-varying 518 natural mortality, selectivity, or growth patterns. An age-structured model could be 519 developed which tracks abundance in a number of growth-type-groups in a similar manner to 520 that done in the GTG LB-SPR model: numerous growth-type-groups, each with their own 521 von Bertalanffy growth curve, and annual recruitment distributed across these groups. 522
However, the number of growth-type-groups would have to be much higher in an age-523 structured model, and the time-step in the age-based model would have to be small enough to 524 adequately model continuous fish growth, especially for life-histories where growth is rapid 525 in the first few years of life. The dynamic, age-structured GTG model would require 526 additional computational power, and further research is required to determine if this approach 527 offers significant advantages over the statistical distribution method used by Stock Synthesis 528 3 and CASAL. 529
Although developed for data-limited situations, where there is limited biological 530 information and possibly only a few years of size data available, the approach developed in 531 the GTG LB-SPR model may still be useful to data-rich stock assessment modelling, and the 532 calculation of biological reference points. For example, the model can be used to evaluate 533 the effect on alternative selectivity patterns on the expected spawning potential ratio of the 534 stock. Furthermore, it is straightforward to include Botsfords' method of integrating per-535 recruit dynamics and the Beverton-Holt stock-recruitment function, to determine the relative 536 expected yield for a given selectivity pattern and fishing mortality (Botsford and Wickham  537 1979, Botsford 1981a, b, Walters and Martell 2004) . This approach allows analysts to 538 incorporate knowledge of the stock-recruitment dynamics into the per-recruit model to 539 evaluate alternative harvest policies in terms of both spawning potential and relative yield. 540
We intend to explore this in future research. 541
The ‫ܮ‬ ஶ and K parameters are frequently assumed to be negatively correlated, and 542 some may believe that ignoring this correlation is a serious shortcoming of the GTG LB-SPR 543 model. However, the negative correlation commonly observed in estimates of these two 544 However, the splitting a population into several growth groups introduces another 567 issue which we believe has not been previously recognized or addressed. Natural mortality is 568 commonly assumed to be constant for all individuals within a cohort. However, the faster 569 growing individuals reach a larger maximum size, and produce considerably more eggs-per-570 recruit (a proxy for fitness) compared to the slower growing sub-cohorts. This disparity in 571 per-recruit egg production would lead to significant selection pressure towards the faster 572 growing individuals. The persistence of individual variation within a population suggests 573 there is equivalent fitness between these alternative life-history strategies. 574
One hypothesis to balance the fitness between growth-type-groups is for the faster 575 growing groups to experience relatively greater rates of natural mortality than the slower 576 growing groups. The mechanism can be explained as follows. Faster growing groups of 577 D r a f t 22 individuals must consume greater amounts of food compared to slower growing individuals 578 of the same cohort, and must therefore venture farther for food and expose themselves to 579 higher levels of predation. Conversely, portions of a cohort which stay within the safe habitat 580 may be protected from increased predation risk, but will grow slower due to the decreased 581 availability of food. This issue is further complicated by the fact that natural mortality in fish 582 is often observed to decrease as individuals grow larger (see below). A further complicating 583 factor is that individuals reaching a larger size sooner within the same cohort may find refuge 584 from predation, and therefore experience less natural mortality (Pennings 1990) . 585
We modified the GTG LB-SPR model by assuming a linear increase in natural 586 mortality across the growth-type-groups, and used the numerical optimisation routine optim, 587 part of the base R package stats (R Core Team 2015), to search for the natural mortality 588 pattern which resulted in approximately equal fitness across the GTGs, while maintaining the 589 mean length-at-age of the unfished population following the specified von Bertalanffy growth 590 curve. We compared the shape of the generated size composition both with and without 591 accounting for the differential in fitness, and applied the estimation model to the size data 592 Table 1 for other  890 biological parameters. 891 D r a f t Table 1 The biological, selectivity and other parameters of the growth-type-group model describing the four different life history types that were used in the simulations of the GTG LB-SPR model. ‫ܮ‬ ത ହ 50 Mean length at which 50% of the population is mature.
Parameter
‫ܮ‬ ത ଽହ 55 Mean length at which 95% of the population is mature.
The exponent of the length-fecundity relationship, set to 3 as fecundity assumed to be proportional to weight. Table 1 for other biological parameters. 149x74mm (300 x 300 DPI)
